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Abstract 
The data-driven probabilistic model of MRT-based population mobility is developed for St. 
Petersburg, Russia. This model is based on impersonal data which contains only the inflows and 
outflows of the passengers in the MRT stations; the personal tracks of the passengers are unavailable. 
The model explains the spatiotemporal variability of MRT traffic using common factors which may be 
associated with non-local social and environmental phenomena. 
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1. Introduction 
Population mobility in large cities is an extensive phenomenon, which has been thriving for the last 
several decades. The consistency principle suggests that the city transportation is a complex system, 
that might contain different key elements sets. Now there are many urban spatial organization theories 
that focus on the two spatial dimensions of economic life: a distance and an area [1].  Population 
mobility is implemented differently in different cities. Whereas ground public transport or taxi is a 
main mode of mobility in some cities [2], in others, including St. Petersburg (Russia), Massive Rapid 
Transport (MRT) is more typical. 
MRT geospatial mobility analysis is simplified by using a timetable strictly regulating each movement 
of railway vehicles. However, reliable functioning of MRT networks covers many aspects  such as 
security of the network elements, resistance to overload, the impact sites in the urban environment in 
general [1]. Its entire are critical to the viability of the metropolis and urban agglomeration. Thus, 
MRT studies are important for attractiveness evaluation of this kind of transport, especially to avoid 
the negative effects of welters and crowding [3, 4, 5]. 
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Traditionally MRT transportation processes are thought to be a directional network with a certain 
topology. The concept of the network’s central nodes, which define the most important factors, is 
applied in [6, 7] in order to identify the most important sites. Paper [6] rates the most critical stations 
of the Singapore's transport network, based on its topologic structure used to describe the complex 
networks theory; [7] investigates 32 of the world’s largest cities’ metropolis networks to analyze the 
dynamics of their development using the development of the central node of the whole network. But 
the research described in [6-8] is based on the data-driven modeling for which the individual data of 
each passenger (registration of their entrances and exits) is used. Unlike these studies, there is no such 
data in St. Petersburg - registration of entry and exit of passengers MRT is impersonal. That is why 
this paper describes an approach for population mobility based on impersonal data allowing the use of 
input and output flow set of passengers at the stations only. The movement of MRT-passengers is 
described indirectly using a probabilistic model. 
2. Initial Data analysis 
The study used 12 weeks of continuous data which contains the number of entrances and exits of 
MRT passengers with a discretization of 15 minutes. St. Petersburg MRT network has 67 stations 
which serve more than 180 million passenger trips per year combined (Table 1). MRT network often 
actually include several passages walking distance, that is why they are considered to be common 
network nodes and the study of the value of such stations has been which have been connected via 
passageways. We determined walking as passages located in the smaller radius 1 km apart, after than 
it has been obtained station nodes cluster which includes 59 nodes. Only the workaday MRT activity 
(excluding weekends and holidays) were considered. 
As demonstrated in Table 1, MRT passenger flows are heterogeneous in a space (at some stations 
entrance more, and some less). In addition, there is the cyclic non-stationary behavior of the 
passengers (daily rhythms). Moreover, there are the differences between profiles of the daily rhythms 
of passenger flows for various MRT stations. To describe the effects of spatial inhomogeneity and 
cyclic non-stationarity together, the data has been clustered using the Ward algorithm. Five clusters 
sharing the random component have been received (see Figure 1). This method has been chosen due to 
the possibility to evaluate the distances between clusters and to group the total number of stations by 
their demand elasticity. Figure 1a shows the distribution of the classes among the MRT network of St. 
Petersburg. Figure 1b shows specific mean daily profiles of passenger flows for each class. It is clearly 
seen that classes 2 and 5 are associated with stations where the high morning inflows prevail. These 
are mainly distal stations. Class 5 flows has both larger evening and morning peaks, causing the 
stations to be strongly influenced by the large flow of transit passengers from rail stations, airport or 
regional minibuses. On the contrary, stations associated with the classes 1 and 4 are experiencing an 
influx in the evening. As we can see by looking at the MRT scheme in the Fig.1a, they are 
concentrated in the city center (as a class 1) or are mainly in nearby locations (as class 4), due not only 
to the evening attractions in the center but also the city’s layout and the better land transport 
infrastructure. Class 3 is neutral; the demand is relatively uniform during the day. However, deeply 
assessing the impact of such of the spatial factors impact using only this classification is unobvious. 
In order to realize the spatio-temporal dependence between the MRT stations, paired and partial 
correlation analyses were made. The correlations in the MRT network decrease rather fast in time: 
through 30 min these values became statistically insignificant. 
Associated input nodes having influences on exit through other stations (correlations coefficient 
with 0.6 < |k| < 0.7) have been identified – these nodes have numbers 1, 7, 10, 27, 32, 38, 48, 51, 56, 
58 in the descriptive table 1. 10 stations, in general located in the historical center of the city, whose 
entrance has key influence on the exit in 2, 3, 14, 19, 16, 18, 20, 25, 44, 45, 46, 47, 50, 53. Targeting 
of this process is demonstrated in the chart, see Figure 2. 
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Table 1. Daily-mean entrance and exit passengers flows (persons) in St. Petersburg MRT stations 
№ Station Inflow Outflow № Station Inflow Outflow 
1 Admiralteyskaya 67884 68938 31 Obuhovo 23671 203523 
2 Akademicheskaya 111915 110829 32 Obvodny Kanal 59103 56738 
3 Avtovo 109102 114289 33 Ozerki 103008 104054 
4 Baltiysdkaya 102866 103423 34 ParkPobedi 83371 89893 
5 Buharestskaya 29788 30164 35 Parnas 51852 46658 
6 Chernaya Rechka 104053 101577 36 Petrogradskaya 120831 128750 
7 Chernishevskaya 1285556 126959 37 Pionerskaya 159632 163494 
8 Chkalovskaya 66162 66854 38 
Ploshad 
Alexandra 
Nevskogo 
93819 84222 
9 Devyatkino 48640 42052 39 Ploshad Lenina 143230 143498 
10 Elektrosila 64786 67836 40 
Ploshad 
Muzhestva 
66521 72848 
11 Elisarovskaya 73520 76264 41 Politehnicheskaya 58070 68450 
12 Frunzenskaya 38301 37905 42 Primorskaya 119733 125531 
13 Gorkovskaya 96254 99825 43 Proletarskaya 42725 42332 
14 
Grazhdanskiy 
Prospekt 
110293 111416 44 
Prospekt 
Bolshevikov 
125273 123746 
15 Kirovskiy Zavod 79312 80567 45 
Prospekt 
Prosveshenia 
163256 156286 
16 
Kommendantskiy 
Prospekt 
124442 129995 46 
Prospekt 
Veteranov 
180574 176336 
17 
Krestovskiy 
Ostrov 
26924 25496 47 Ribazkoye 72155 69130 
18 Kupchino 177801 169241 48 
Sadovaya, 
Spasskaya, 
Sennaya 
190855 193460 
19 Ladozhskaya 150936 149998 49 Sportivnaya 54129 54787 
20 
Leninskiy 
Prospekt 
114825 107163 50 Staraya Derevnya 98556 103357 
21 Lesnaya 76565 81916 51 
Tehnologicheskiy 
Institut 
115618 125563 
22 Ligovskiy 4009 4001 52 Udelnaya 69686 66598 
23 Lomonosovskaya 80821 79615 53 Ulitza Dibenko 112842 106012 
24 
Mayakovskaya, 
Polshad 
Vosstanya 
299858 271100 53 Vasileostrobskaya 153668 159588 
25 Mezhdunarodnaya 79123 78081 55 Viborgskaya 62318 65193 
26 Moskovskaya 170997 151752 56 
Vladimirskaya, 
Dostoyevskaya 
90164 89913 
27 
Moskovskie 
Vorota 
60838 63747 57 Volkovskaya 18457 16557 
28 Narvskaya 108159 117716 58 
Zvenigorodskaya, 
Pushkinskaya 
68620 68060 
29 
Nevskiy Prospekt, 
Gostinny Dvor 
204275 218261 59 Zvezdnaya 80047 76283 
30 Novocherkasskaya 85010 85852     
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(a)  
 
(b) 
Figure 1. Spatiotemporal classification of MRT-station in St. Petersburg: (a) spatial distribution of the classes, (b) 
– mean daily profiles of passеnger inflows 
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A semicircle along the bottom, separated from the interior by wide white stripe means an area with 
station nodes having key impact on exit in dependent stations along the top connected with them by 
strips. Every station node sector of circumference is divided into parts proportionally to the number of 
station nodes associated with it. 
 
Figure 2.  The dependence between inflows and outflows in key MRT stations. 
Partial correlations have been computed alternately excluding 10 above mentioned nodes  using 
the main influence. We investigated entry-entry and entry-exit correlations. In both cases the result has 
been that the relationship between the inputs is entirely due to the influence of their own, because 
absolute values of partial correlations generally <0.1. Therefore partial correlation has not given any 
new strong relations between metropolis network nodes. This means that the spatiotemporal variability 
of MRT in St. Petersburg is mainly caused by factors which are common for all the stations and may 
be associated with non-local environmental and social phenomena. 
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3. Probabilistic model 
In general, the following chapter 2, the spatiotemporal variability of MRT passenger flows may be 
represented as the set of correlated nonstationary time series ^ `n
jj
t
1
)(  ] , where j is the index of a 
station, n=59 (see Table 1). For each station j, the daily rhythms are described by means the model of 
periodically correlated stochastic process [9]: 
> @¦f
f 
 
k
kjkj titt ZK] exp)()( .      (1) 
Here Tkk /2SZ   are the circular frequencies of the rhythms (e.g. daily, semi-daily, third-daily 
etc.); T=24 hours. This model generalizes the classic Fourier series analysis to represent non-
stationary stochastic processes )(tj]  by reduction to the set of stationary stochastic processes )(tjkK . 
Free terms )(0 tjK  express the day-to-day variability of daily mean passenger flows in the station j, the 
terms ,...2,1),(  ktjkK  are associated with the sine- and cosine- harmonic oscillations due to rush 
back times. This model is widely used to describe of cyclic variability of different social and 
environmental phenomena, e.g. [10]. The values of the components ^ `m
kjk
t
0
)(  K  are obtained by )(tj]  
trough inverse Fourier transformation with moving time window (24 hours). 
Here we consider m=4 which describes the daily and semi-daily oscillations only. Thus, there are 
295 statistically dependent stationary stochastic processes ^ `m
kjk
t
0
)(  K  are in consideration. For the 
reduction of dimensionality and describing the spatial inhomogeneity, the model of total variability is 
described by the principal component expansion: 
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Here )(tas  are the principal components (common for all the k ,j), and 
)(s
kjI  are the constant 
eigenvectors of covariance matrix 295,1,,,),,cov(  qrjkrqkj KK , obtained by SVD procedure. The 
processes pstas ,1),(   may be interpreted as the common factors which are driving all the 
variability of MRT flows. E.g. )(1 ta  reflects the total variations of MRT day-to-day loading, )(2 ta  
distinctions between distal and central stations, )(3 ta  - impact of multi-transportation hubs (MRT 
stations which connected with railways, airport etc.). )(tkjH are the values of specific factors which 
may be associated with local variations of passenger flows in the stations. 
Table 2. Part of total variance (%) among the stations which are described by p common factors 
p 1 2 3 4 5 
Entry-entry 44.1 72.9 87.9 96.3 98.7 
Exit-exit 43.3 72.3 85.1 96.0 98.6 
In table 2 the convergence of expansion is shown for combinations of entry-entry and exit-exit 
data. The measure of the convergence is the part of total variance among the stations which are 
described by p common factors. It is seen that the model convergence is very fast: even 4 common 
factors cover ~96% of variance. The values in table 2 are close for entry-entry and exit-exit data. It 
confirms the hypothesis about prevailed influence of non-local factors instead of separate key stations. 
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The model (1,2) describes both temporal and spatial variability of passenger flows and may be 
used to explain spatiotemporal wave effects among MRT network. In Figure 3 the specific patterns of 
wave effects are shown. It is seen that during ~1 hour the loads on certain stations gradually shifted 
out from city center. This phenomenon is general for the entire MRT network and cannot be revealed 
using the data in certain stations. 
 
Figure 3. Specific patterns of wave effects among MRT network in St. Petersburg. Here red semi-circles are the 
entry loads, blue semi-circle are exit loads 
4 Conclusions and Future Work 
The probabilistic model of MRT-based population mobility is developed for St. Petersburg, Russia. 
This model is based only on impersonal data which contains the inflows and outflows of the 
passengers in the MRT stations; the personal tracks of the passengers are unavailable. The model is 
based on bi-orthogonal decomposition using the component model of periodically correlated 
stochastic process (for temporal variability) and principal component expansion (for spatial 
variability) jointly. The model explains the spatiotemporal variability of MRT traffic using common 
factors which may be associated with non-local social and environmental phenomena. 
The model considers only one scale of temporal rhythms associated with daily variability of 
passenger flows. In future work, we plan to extend this model for several coupled scales, including 
daily, weekly and annual variability. The generalization of (1) in terms of poly-periodical correlated 
process model will be used. 
The model may be used for direct stochastic simulation of city mobility to reveal the possible 
critical situations which may be considered as scenarios for MRT planning and development. 
This paper is financially supported by The Russian Scientific Foundation, Agreement #14-11-
00823 (15.07.2014). 
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